The revolution in DNA sequencing technologies has now made it feasible to determine the genome sequences of many individuals; i.e., ''personal genomes.'' Genome sequences of cells and tissues from both normal and disease states have been determined. Using current approaches, whole human genome sequences are not typically assembled and determined de novo, but, instead, variations relative to a reference sequence are identified. We discuss the current state of personal genome sequencing, the main steps involved in determining a genome sequence (i.e., identifying single-nucleotide polymorphisms [SNPs] and structural variations [SVs] , assembling new sequences, and phasing haplotypes), and the challenges and performance metrics for evaluating the accuracy of the reconstruction. Finally, we consider the possible individual and societal benefits of personal genome sequences.
With the cost of DNA sequencing decreasing dramatically ( Fig. 1) , we are approaching a revolution in human biology and medicine. It is now possible for genome sequences to be determined for a large number of individuals, and the potential use of this information for discovery and medicine is enormous. Fourteen genome sequences have been reported to date (Table 1 ; Levy et al. 2007; Bentley et al. 2008; Ley et al. 2008; Wang et al. 2008; Wheeler et al. 2008; Ahn et al. 2009; Drmanac et al. 2009; Kim et al. 2009; Mardis et al. 2009; McKernan et al. 2009; Pushkarev et al. 2009; Pleasance et al. 2010a,b) . Or have they? What exactly has been described? What is the optimal coverage of a human genome sequence to ensure an acceptable level of sequence accuracy? Given the implications of this biomedical revolution, it is worth reflecting on what constitutes a genome sequence, what one wishes to learn from that genome sequence, and what is the best approach to go about obtaining it.
What does it currently mean to sequence an individual human genome?
Existing high-throughput DNA sequencing technologies generate relatively short reads (;35-450 base pairs [bp] ), and typically do not allow one to sequence a genome in its entirety using de novo assembly; i.e., constructing the genome sequence based solely on the sequencing reads without any other prior knowledge. Although improvements in sequencing technology and computational methods may soon permit routine use of de novo assembly (e.g., see Li et al. 2010) , at the present time, sequencing a human genome typically refers to generating extensive sequence information using high-throughput DNA sequencing methods and relating this information to a reference haploid genome sequence to identify variations. The reference genome was deduced in the original international genome sequencing project from a collection of DNAs from anonymous individuals and assembled into a mosaic ''haploid'' genome (Lander et al. 2001) . It is primarily of European origin and is estimated to be ;99.99% accurate with ;210 gaps (Genome Reference Consortium2009; http://www.ncbi.nlm.nih.gov/mapview/ maps.cgi?ORG=hum&MAPS=ideogr,est,loc&LINKS=ON).
The determination of a new genome sequence relative to a reference genome is often referred to as ''resequencing.'' In each resequencing project, there are generally five parameters that can be evaluated ( Fig. 2): (1) Singlenucleotide polymorphisms (SNPs). There are ;3-4 million SNPs present in a given individual relative to the reference genome (Levy et al. 2007; Bentley et al. 2008; Wang et al. 2008; Wheeler et al. 2008; Ahn et al. 2009; McKernan et al. 2009; Pushkarev et al. 2009 ). (2) Small insertion and deletions (Indels) of size 2-1000 bp. There are ;0.3-0.6 million Indels present in a given individual relative to the reference genome, and 320 Indels 1-2 kb in size ( Fig. 3 ; Levy et al. 2007 include transposons such as L1s, which comprise about one-third of the large SVs. There are at least 1000 SVs >2 kb in size present in a given individual relative to the reference genome (Korbel et al. 2007 ). (4) New sequences. These are DNA sequences that are present in an individual's genome sequence, but not in the reference genome. It is unclear how many of these exist. The identification of new sequences is confounded by the fact that the reference sequence (GRCh37) still contains ;210 gaps, some of which are likely to contain new sequences (Genome Reference Consortium 2009; http://www.ncbi.nlm. nih.gov/mapview/maps.cgi). (5) Genotype/haplotype. Variants of a given sequence are assigned to particular chromosomes. It should be noted that the frequencies indicated in points 1-5-are subject to ascertainment bias and may not be representative.
Challenges in current personal genome sequencing
In general, SNPs and small Indels are relatively easy to identify, assuming that they can be captured in a single sequence read and correcting for sequencing errors (e.g., Li et al. 2009 ). However, the reference human genome sequence contains a number of DNA sequencing errors (0.01%) (Lander et al. 2001) , and thus not all deviations found in a target genome sequence relative to the reference are necessarily SNPs.
Large deletion SVs can be identified using reads long enough to have confidence that the deletion has been spanned; these reads map to adjacent, but discontinuous, regions of the genome (''split reads'') (Figs. 2, 4) . The extent of altered sequences at the deletion breakpoint and the presence of repetitive sequences can make SV detection difficult. For breaks in unique DNA, 75-to 100-nt reads are likely to capture many of the large deletion SVs. Large insertion SVs are identified using a variety of technologies (Fig. 4) , such as (1) ''read depth,'' in which the frequency of reads from a segment of DNA reflects its copy number (Wang et al. 2008; Yoon et al. 2009 ); (2) paired-end mapping, in which end sequences from DNA fragments of particular sizes are determined and mapped to the genome to find variants (Korbel et al. 2007 ); and (3) DNA microarrays and comparative genome hybridization in which intensities of hybridization relative to a reference sample reveal copy number (Pinkel et al. 1998; Urban et al. 2006; Wang et al. 2009 ). These technologies are valuable for detecting large deletions as well. Paired-end mapping can also be used for detecting inversions, which are estimated to comprise ;10% of SVs >2 kb in size (Korbel et al. 2007) .
None of the current methods for detecting SVs are optimal. Many SVs reside in repetitive regions of the genome where reads cannot be unambiguously assigned. Also, SVs are often complex, with multiple events having occurred in close proximity, so that the events cannot be readily deduced using relatively short reads. For the case of transposon insertions, a major class of SVs, specialized algorithms can be used to facilitate their identification (e.g., X Li et al. 2008) , although insertions that lie in repetitive regions are still likely to be difficult to identify accurately. Although SVs account for much of the variation in the genome in terms of numbers of base pairs (Korbel et al. 2007; Kidd et al. 2008) , it is likely that a substantial number of SVs are missed in most genome sequencing projects. Consistent with this hypothesis, the frequency of large SVs detected in most genome sequences is low compared with that obtained by projects using longer reads, which are better at detecting SVs (e.g., Levy et al. 2007 ; see below). Many genome sequencing projects have chosen to report very few SVs or ignore them altogether (Table 1) .
Methods for determining new sequences are also problematic, particularly when using short reads. In principle, paired-end sequences in which one end lies in a known region and another lies in novel sequence can be used to identify new sequence regions (Kidd et al. 2008) , and the new sequences can be assembled into contigs. However, the accuracy of such a method remains to be determined empirically. Currently, very few genome resequencing projects analyze new DNA sequences.
A major complexity for human genome resequencing is the diploid nature of the genome, containing two nearly identical copies of each sequence. This tends to confound many of the structural variant assignment approaches, since reads supporting the variant structure and the ''normal'' reference genome can be present simultaneously. Moreover, it introduces the problem of ''phasing'' (determining on which of the two chromosomes a variant is located). Two variants that lie in a gene on the same chromosome ''phased variants'' are not the same as two variants (i.e., alleles) located in genes on separate chromosomes (Fig. 2) . The activity of the two alleles would likely be very different in the two cases. Furthermore, with duplications, there may be three or more copies of a sequence. This can mean that most individuals can have two variants of a gene but a few have three, and phasing of the variant sequences can be quite difficult. Currently, methods for assigning alleles to specific chromosomes require long reads and/or paired-end reads so that alleles can be linked or phased. Alternative approaches are also described below. Presently, very few, if any, individual genome sequencing projects using new high-throughput technologies report phasing of alleles.
Defining performance metrics for genome resequencing
For each of the parameters that may be considered in a genome resequencing project, there should be an estimate of sensitivity (i.e., completeness of coverage) and accuracy (i.e., error rate). For SNPs, these metrics are relatively easy to determine using ''SNP microarrays'' designed to detect known SNPs (e.g., Affymetrix or Illumina) (Hehir-Kwa et al. 2007) or using other methods (e.g., mass spectrometry) (Gabriel et al. 2009 ). For Indels, SVs, and new DNA sequences, accuracy can be determined by PCR and/or DNA sequencing across junctions. However, for SVs and new DNA sequences, assessment of accuracy is often easier in principle than in practice, as the affected regions often lie in repetitive sequences or the exact location of the SV breakpoint is not known, making primer design for PCR difficult. Estimates of accuracy for phasing are difficult to determine using measures beyond linked sequencing methods such as paired-end sequencing, and are most readily estimated from a comparison with known haplotype information and an analysis of related individuals.
In spite of these challenges, it is important to define reasonable metrics so that the performance of a resequencing project can be evaluated. Such measures should accurately report the sensitivity and accuracy of detecting variants at different levels (e.g., SNPs, Indels, and SVs). The Archon X Prize Competition (Archon X Prize Foundation 2006) uses a linear performance metric to evaluate the accuracy of resequencing. Their construction errors are counted as the sum of base errors in SNPs and Indels, and the number of wrongly identified rearrangements. Because SNPs, Indels, SVs, new sequences, and phasing are each unique parameters, we suggest each type of event be scored independently. In this fashion, the scoring is similar to that of baseball statistics, in which batting average, home runs, runs batted in, and strikeouts are each maintained as separate parameters. However, if one wants to add them into a single statistic, we suggest picking a simple summation scheme that reflects the total number of base pairs changed-analogous to the way the slugging percentage is computed from a sum of simpler ballplayer statistics. A potential scheme for recording the accuracy of genome sequence parameters is presented in Box 1.
How to sequence a personal genome: technologies and general considerations Presently, there are a variety of technologies for highthroughput DNA sequencing, all of which can be used either alone or in combination to help determine a human genome sequence (Table 2) . Short-read technologies include Illumina GIIx, Life Technologies SOLiD, Complete Genomics Platform, and Helicos Helicope, and generate up to 400 million uniquely mapped reads of ;35-120 bp per run (e.g., Bentley et al. 2008; Drmanac et al. 2009; McKernan et al. 2009; Pushkarev et al. 2009 ). Longer-read technologies from 454 produce ;1 million reads of 450 bp. Most of these technologies can be used to obtain both single and pairedend reads (e.g., 454, Illumina, and SOLiD). 454 reads are sufficiently long to span Alu repetitive DNA sequences, and therefore are valuable for unambiguous identification. Although longer reads are clearly advantageous, they typically have a significantly higher cost per base.
In principle, most genome sequencing could be performed with paired-end sequencing, because this approach provides both single reads and linkage information simultaneously. The one exception is 454 paired-end technology, for which the length of read from each end is slightly less than half the single-read length (Korbel et al. 2007 ), so there is benefit to using both single-read runs (to obtain longer reads) and paired-end runs. The paired-end technologies differ considerably in terms of the length of the fragment that can be sequenced from both ends. 454 technology allows for sequencing of ends from 20-kb fragments; Illumina and SOLiD technologies generally allow for sequencing from 1.5 to 3 kb, although claims for longer paired-end reads have been made (see http:// www.454.com, http://www.illumina.com, and http:// www3.appliedbiosystems.com). Lengths >7 kb are expected to be particularly useful, as these can span common transposon insertions such as L1s, and thereby can identify insertion events in a single read. It is expected that a combination of paired-end reads from different length fragments will provide optimal SV detection. Accuracy is one of the most important parameters of any genome sequencing project. Technologies that generate 10-fold more sequence but at reduced accuracy may not be advantageous. Indeed, misassignments due to inaccurate short reads will be deleterious to genome sequencing projects. A final genome sequence that contains only one mistake per million bases will still contain 6000 errors! A rigorous comparison of the relative performance of the different high-throughput DNA sequencing technologies for each of the different parameters (SNPs, Indels, SVs, new sequences, and phasing) is sorely needed. Thus far, only one major project has chosen to use each technology on the same DNA (1000 Genomes Project, http://www.1000genomes.org), although an in-depth comparison of technologies was not performed.
Presumably, the optimal way to sequence a human genome will use a combination of technologies. Because each technology has different biases, a combinatorial approach would be expected to increase accuracy and help facilitate genome reconstruction. A reduced bias is particularly important to maximize coverage of both alleles. It has been reported that a DNA sequencing depth of 40-fold average coverage is required to identify 92% of both alleles using Illumina technology (Wang et al. 2008) , and Wheeler et al. (2008) have performed a quantitative study on how coverage/sequencing depth affects detection rates of heterozygous SNPs. Du et al. (2009) illustrated how combining technologies would reduce the depth of sequencing required to identify structural variants. The use of different DNA sequence technologies would likely significantly reduce genome sequencing costs while achieving maximum accuracy.
Most individuals and scientific researchers will want to sequence genomes at a fixed budget. Therefore, it will be quite valuable to establish an algorithm to determine which combination of technologies and platforms provide the optimal coverage and accuracy of each sequence parameter-SNPs, Indels, SVs, new sequences, and genotypes/haplotypes-as a function of cost. Such an algorithm would be useful for guiding researchers toward applying technologies based on their research goals. Moreover, as additional technologies become available, it should be possible to incorporate these into the algorithm for evaluation.
A detailed genome resequencing strategy
It is likely that most genome sequencing projects for the immediate future will be a hybrid resequencing strategy that incorporates both comparative (Pop et al. 2004) and de novo methods. Because most of the assembly can be done based on the existing reference genome, it is generally unnecessary to perform an experimentally and The accuracy of SNP, Indel, SV, and haplotype phasing can be scored as follows: The accuracy of SNPs (AccSNP) can be defined by the proper identification and call and a simple 1 (detected) or 0 (miss) scoring system. The accuracy of Indels, SVs, and new sequences can be defined as both the overall identification of the events and the proper call of each inserted/deleted base, both within and associated with the event. Each of these parameters can be reported separately, with the event defined based on the alignment result of the actual variant sequence and the inferred variant sequence. For example, the accuracy of an individual novel insertion is A NovelInsertion ðnÞ = mismatch½wflankingðn actual Þ;
where n actual is the actual insertion (in simulations, it is already known; in reality, it will need to be identified in a validation step), n inferred is the insertion sequence inferred by the genome resequencing approach, mismatch returns the number of mismatches of two aligned sequences, wflanking returns a sequence with its flanking sequences on both ends, and size returns the size of a sequence. In this manner, the accuracy of individual insertions (and deletions, inversions, and rearrangements) can be parameterized.If one wants to combine the different assessments into a single score, a weighted approach can be established using a formula such as the one below:
e 2 E = fSNP; Indel; Rearrangement; NovelInsertion; . . .g A e = 1 e j j + n of type e A e ðnÞ
where e is a type of variant event (SNP, Indel, etc.), A e (n) is the individual detection accuracy for a specific variant n (which is of type e), A e is the average accuracy in the detection of a certain type (e) of variation, jej computes the number of all of the type e variant events, and A, the overall resequencing accuracy, is a linear combination of these average accuracy values. The C e coefficients are chosen to reflect various weighting schemes. In the extreme, one can set all of the coefficients to a same normalization factor, and the resulting formula would be equivalent to counting the number of correctly identified variant events. If the coefficients are set according to the average size of the different types of events, the resulting definition will be counting the number of correctly called bases in the variant events. The first weighting scheme obviously puts more emphasis on SNP accuracy, while the later emphasizes SVs. The weighting scheme chosen for the X Prize (discussed in the text) is between these extremes.
computationally intensive whole-genome de novo assembly. Local de novo assembly will still be necessary for regions with complex SVs and for new sequences. Perhaps most importantly, different DNA sequencing and array experiments can be integrated to identify different types of variant events (i.e., SNPs, Indels, and SVs) in a cost-effective way. In general, the experimental outputs will be processed in the following ways (Fig. 5 ):
Mapping the reads back to the reference genome Short reads will be obtained, and errors will be corrected (Pevzner et al. 2001 ) and combined into ''unipaths'' (a maximal unbranched sequence of the genome constructed based on the reads) (Butler et al. 2008) . All of the the reads (long/medium/short) from an individual's genome are then mapped to the reference genome, generally allowing for partial matches and a few mismatches within the match-e.g., <6%, or no more than two mismatches-if no other better match exists. This mapping step is usually the most computationally timeconsuming part of the project. Thus, one important aspect of the many short-read mapping programs-e.g., ELAND, MAQ (H Li et al. 2008) , and Bowtie (Langmead et al. 2009 )-is the manner in which they efficiency execute this process. The mapped reads are then divided into three categories according to the alignment results: those with unique best matches, sequences with multiple best matches, and those with no match (but they may contain partial matches). The last category usually corresponds to SVs, breakpoints (Lam et al. 2009) , and new sequences with respect to the reference genome.
Identifying small variants (SNPs and Indels)
SNPs can be identified immediately based on results from the sequencing reads with single best matches, and the boundaries of deletions and small insertions will be detected by such reads as well (by allowing gaps in alignment). Algorithms that incorporate both detection frequency and base calling are typically used to ensure that the events called are high confidence and not simply due to DNA sequencing errors (e.g., Wheeler et al. 2008; Li et al. 2009 ). Results from SNP arrays can also reveal information about SNPs and validate assignments in a cost-effective way, as well as help assess the error frequency.
Finding SVs
Reconstructing large structural variants is the most challenging problem in genome resequencing. It is greatly complicated by the many levels of duplication in the human genome and the often complex nature of the rearrangements. Thus, a variety of approaches should be used to enhance their accurate detection. These approaches include paired-end reads, read depth, and split reads (e.g., Korbel et al. 2007; Wang et al. 2008; Chen et al. 2009; Yoon et al. 2009 ). All of these can be used to deduce the presence of SVs and their locations, and the split reads and novel sequences can be used to help define the rearrangement breakpoints. Long reads are particularly useful in helping to identify rearrangements and novel sequences located near the breakpoint regions. Because of technical problems detecting SVs (i.e., chimeric clones from ligations used to prepare DNA for sequencing), each event must be detected more than once. Using a combination of the different approaches is valuable for enhancing accuracy in SV identification and assignment of location. CGH array data can also be integrated into the reconstruction process for such SVs. Incorporating the CGH data can also lower the coverage depth requirement of sequencing experiments, since the inner regions of Figure 5 . A general flow chart for determining a personal genome sequence. The generated reads are first mapped to the reference genome to call high-quality SNPs and small Indels (Step 1) and SVs based on aberrant alignment information (Step 2). The novel insertions can be reconstructed using local de novo assembly algorithms (Step 3), and a final phasing step (Step 4) will be able to deduce the complete diploid genome of the individual.
segmental duplications/deletions not covered by low sequence coverage can still be identified by CGH results. The copy numbers of the genomic regions inferred from CGH array data can be integrated into the rearrangement analysis, and provide additional evidence of the actual SV type. Such CNV results can be correlated with traitassociated SNPs to identify candidate loci for influencing disease susceptibility (Conrad et al. 2009 ). CGH data can also be used to validate SVs, as well as provide information concerning accuracy.
Additional analyses for mapping SVs should also be applied. First, direct searches can be used to search directly for novel transposon insertions using sequences from the ends of common transposons (L1s, Alus, and retrotransposons). Second, de novo assembly is useful to reconstruct large novel insertions and to help identify complex genomic rearrangement events (e.g., segmental duplication/deletion). Third, SV events can also be identified by comparison with existing SV sequences (Lam et al. 2010) . Finally, the heterozygous or homozygous nature of the SVs should be determined based on the existence of reads that map back to the corresponding reference sequences.
Assembling new sequences
De novo assembly of large novel insertions depends primarily on the reads from the new inserted sequences that are linked to known sequences. Misleading reads from elsewhere in the genome (usually highly represented regions) that are also found in the insertion can sometimes hinder the full reconstruction process. In such cases, longer reads that can unambiguously identify new sequences and appropriate assembly strategies are needed to ensure the correct assembly. Paired-end reads with an appropriate gap size can also help the unambiguous mapping of the reads inside novel insertions (Korbel et al. 2007) . Simulation is useful in this context to help determine the optimal insert size ) and to calibrate error rates.
Phasing the variants
The last step in a genome sequencing project involves properly phasing all of the discovered variations. ''Haplotype islands'' or blocks of properly assigned variants can be extracted based on both the paired-end sequencing information (Lippert et al. 2002; Levy et al. 2007; Bansal et al. 2008 ) and the existing knowledge of the population haplotype patterns revealed by previous work (The International HapMap Consortium 2005) . Other strategies include using information from family trios (Zhang et al. 2006a) , in situ genotyping (Zhang et al. 2006a) , and ''chromosome dilution libraries'' in which variants can be assigned to the same chromosome by analyzing dilutions containing individual chromosomes (Zhang et al. 2006b ). Although most efforts on phasing have concentrated on SNPs, initial approaches to integrate SVs into the overall phasing scheme have begun recently (Conrad et al. 2009 ).
Personal genomes: possible uses for the information
The immediate applications of the information derived from a human genome sequence, both on the individual and societal levels, are somewhat limited at present. A reasonably large number of loci that are known to be predictive of disease or physiology (;1500) (http://www. genetests.org) have been identified, and a number of these are clinically actionable. For the vast majority of these, the frequency of disease-causing alleles is quite rare. Moreover, most common traits are complex and likely involve many different loci and/or may be influenced by environment; how these factors are integrated to produce a given phenotype is poorly understood. Thus, currently, genome sequencing will likely not yet shed light on the genetic basis of these traits. In addition, for many of the known loci that have significant health implications, specific diagnostics tests already exist (e.g., for cystic fibrosis or for EGF receptor) (http://www.cff.org/aboutcf/ testing/geneticcarriertest; Cappuzzo et al. 2005) . For those interested in using DNA to trace human ancestry, a substantial amount of information may be readily deduced from analysis of a small subset of the genome. Thus, whole-genome sequencing is not necessary for these particular applications.
The promise of personal genomics lies in the future, as we amass a database of personal genomes. Large-scale analyses of multiple genomes are expected to reveal important insights into gene regulation and chromosome structure. Systematic collection of human phenotypic information along with personal genomic information will increase our ability to analyze the genetic basis of development, function, and disease. Integrating genomic information with other types of large-scale molecular data such as proteomics and metabolmics data holds promise for diagnostics in the future ). We envision a time in the future when personal genomic information is one of the essential tools used to tailor an individual's medical care.
The onus is on the biological community to be good stewards of personal genomics. In principle, and in keeping with the practices in the genomics community (Birney et al. 2009 ), the data amassed should be free and accessible to all, to ensure rapid scientific progress and hasten any medical advances. At the same time, the biological community has a continuing obligation to educate the general public about what this information can and cannot do, to avoid its misuse. In terms of misuse, personal privacy is of particular concern (Greenbaum et al. 2008) . One can imagine many scenarios in which revealed genomic information is mined to determine peoples' personal characteristics without their consent. This is particularly true when one considers that one passes half of their genomic information to their children.
Nevertheless, many people may wish to be open with their personal genomic information (Lunshof et al. 2008) . Indeed, as people become more comfortable with their genotype, it is easy to envision a future in which such information is readily shared. For example, at a party, individuals may casually chat about their genetic predispositions, just as they currently often share thoughts on their various ailments or treatments. Regardless of whether genomic information is maintained private or made public, such information, if properly handled, holds enormous value for both science and society.
